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THE MAKING OF A CONSTRUCT: LESSONS FROM 30 YEARS OF THE 
KOGUT AND SINGH CULTURAL DISTANCE INDEX 
 
 
 
ABSTRACT 
 
The 30-year anniversary of Kogut and Singh’s (1988) groundbreaking study 
that introduced the concept of cultural distance and its accompanying 
measure provides the opportunity to take stock of what makes for a good 
construct. We organize our discussion around the issues of concept, 
algorithm, and data to clarify and gauge their contribution, before 
highlighting the impact of their work more generally. Many of the 
challenges raised by critical observers focus on one of these three 
dimensions. As there is value in looking systematically at the construct from 
concept to data, we set out the argument of the index and discuss the 
validity of selected lines of criticism. We identify a number of emergent and 
future directions for the conceptualization and measurement of cultural 
distance, to facilitate the continuing advancement of work on international 
business. 
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INTRODUCTION 
The year 2018 marks the 30
th
 anniversary of the Journal of International Business 
Studies publishing ―The effect of national culture on the choice of entry mode‖ by Bruce 
Kogut and Harbir Singh (1988). Since its publication, the cultural distance concept and its 
accompanying measure have been used broadly in the field of international business and 
beyond. This 30-year anniversary is an opportune time to consider the reasons for the past 
and continuing impact of the study. By this reflection, the quality that emerges is the tight 
unity between the concept of culture as a distance, the calculation of distance, and the data. 
The intellectual history of international business shows that common agreement on 
research programs, methods, and measurement are accelerators to scientific progress. A few 
generations ago, Raymond Vernon and Lou Wells created the Harvard Multinational 
Database Project, which was the resource for many of the best theses of its day.
1
 Alfred 
Chandler established a research program on the big multi-product firm that grew to cross-
country comparisons, and a similar project, somewhat more quantitative, also gathered data 
on the diversification of the largest firms in a few industrial countries. Meanwhile, Richard 
Caves (1996) developed a regression-based approach to studying industrial economics (later 
known as strategy) that extended overseas. Finally, the Harvard monopoly was busted by the 
Reading School, and by the work of John Dunning, Mark Casson, and Peter Buckley 
(Buckley & Casson, 1976; Dunning, 2000), who set out a research program on what became 
known as the OLI paradigm. Good measures and good data clearly matter to fostering a 
community of researchers.  
The Kogut and Singh article had the great advantage of benefiting from the 
pioneering work of Geert Hofstede’s studies on measuring culture by a common 
questionnaire in many countries, as reported in his book Culture’s Consequences (1980). In 
this original study, Hofstede found that culture consisted of four dimensions: uncertainty 
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avoidance, power distance, masculinity/femininity, and individualism/collectivism. These 
data permitted an explosion of studies that rode upon the coattails of this innovative study. 
One of these studies was that by Kogut and Singh, a study that consisted of three 
contributions: the concept of cultural distance, the algorithm by which it is defined, and the 
data that were easily available for implementation. The conceptual contribution was that 
Hofstede’s original four dimensions could be used to construct a measure of cultural distance, 
similar to the notion of geographic distance used in gravity models of international trade 
(e.g., Anderson & van Wincoop, 2003).
 
Kogut and Singh proposed that cultural distance is 
distinct from the economic concept of geographic distance that had become a central focus in 
gravity models. Indeed, since then, cultural distance has come to play a central a role not only 
for international business but for economic studies as well.
2
 
The second contribution was the algorithm by which the dimensional values for each 
country were translated into cultural distances between countries. Kogut and Singh’s proposal 
to use Hofstede’s dimensions of culture led naturally to treating these dimensions as bases in 
a Cartesian space, in which the distance between interior points are measured as Euclidean 
distances. The generated distances were the third contribution. Having a distance measure in 
hand, it was possible to harness Hofstede’s data to plot the country locations in this space and 
derive the distances. The combined introduction of concept, algorithm, and data constituted 
the key contribution of the Kogut and Singh study. 
While the article was one of the first to apply a non-economic distance measure in 
studying the economic outcome of the choice of entry mode, it was not alone. Gatignon and 
Anderson (1988) had made a similar application using socio-cultural groups in a choice 
regression model, but as dummy variables, not as distances. The Hofstede data had the 
advantage of creating new data derived from surveys, and for many more countries, that 
focused on the idea of national cultures. From these data, Kogut and Singh created a distance 
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metric. The use of this cultural distance variable as predictive, or explanatory, of important 
economic outcomes, such as choice of entry mode at first and trade and investment later, as in 
gravity models, was not without controversy for those used to standard economic models.  
The empirical use of culture as an influence on economic outcomes or on cross-
cultural management has developed substantially since then, underlying the importance of 
measuring culture in the social sciences at large. Culture as a factor in economic development 
and international trade and investment flows became acceptable in mainstream economic 
research only in the past decade, primarily through the work of Luigi Zingales and co-authors 
(e.g., Manz, Sapienza, & Zingales, 2006; Guiso, Sapienza, & Zingales, 2009). Still, this work 
did not consider distance as an explanation for differences in trade and investment flows 
among countries. Similarly, recent quantitative studies in psychology and organizational 
behavior are also more attuned to cross-cultural differences affecting individual behavior (for 
a review, see Gelfand, Erez, & Aycan, 2007). There is, in other words, broad social science 
interest in cultural differences, as would be expected given the increase in globalization. 
Below, we start by first documenting the impact of Kogut and Singh’s work more 
generally. Following this, we suggest a template by which to interpret the contribution of 
Kogut and Singh (1988). This template also allows us to discuss the validity of selected lines 
of criticism in a more meaningful way. Finally, we end on considerations of emergent and 
future directions for the conceptualization and measurement of cultural distance. Our 
conclusion is that the concept and measure of cultural distance continue to be of pivotal 
importance for future studies in international business and beyond. We also suggest that 
Kogut and Singh’s work can act as a sound foundation for future innovations pertaining to 
the conceptualization and measurement of cultural distance. 
 
MAPPING THE IMPACT OF THE CULTURAL DISTANCE INDEX 
To get an initial evaluation of the contribution of Kogut and Singh’s work, it is 
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helpful to document its impact. This illustrates that the Kogut and Singh Index measure has 
become one of the most frequently used instruments in international business research and in 
other fields for measuring cultural distance. Figure 1 presents the number of citations to 
Kogut and Singh (1988) by year, using data from Web of Science and Google Scholar. The 
data from Web of Science suggest that the average yearly number of citations to Kogut and 
Singh (1988) is 72, with a range from 0 to 202. The Google Scholar data suggest that the 
average number of yearly citations to Kogut and Singh (1988) is 216, with a range from 5 to 
485 and a mean of 475 for the period spanning 2013 to 2016.
3
 Hence, the concept of cultural 
distance grew in influence and remains highly influential. 
We also provide a sense of the breadth of the journals where Kogut and Singh (1988) 
has been cited, using Web of Science data as it presents a more consistent standardization of 
titles. For ease of presentation, we plot the top 33 journals that have 10 or more citations to 
Kogut and Singh (1988) in Figure 2. In addition, there are 1141 citations to their article that 
appear in 614 other ―source titles‖ (which includes journals, books, and 
conferences/proceedings that are indexed by Web of Science). Among the 33 journals that 
appear in Figure 2, we observe that: (1) among the journals where Kogut and Singh (1988) is 
most cited there are top tier journals such as the Journal of International Business Studies, 
Strategic Management Journal, Academy of Management Journal, Organization Science, and 
Journal of Marketing; and (2) the top 3 journals with the most citations to Kogut and Singh 
(1988) are journals that focus on international business: Journal of International Business 
Studies, International Business Review, and Journal of World Business.  
----- INSERT FIGURES 1-2 ABOUT HERE ----- 
Given the expanding stock of studies relying on the cultural distance concept, a 
number of authors have been motivated to provide narrative reviews of this literature (e.g., 
Hutzschenreuter, Kleindienst, & Lange, 2016). Additionally, Beugelsdijk and his colleagues 
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(2018) have recently published a meta-analysis capturing the explanatory and predictive 
qualities of the cultural distance concept.
4
 In this comprehensive and recent review and meta-
analysis on cultural distance and firm internationalization, they highlight the relevance of the 
cultural distance concept by showing that cultural distance generally matters for several key 
outcome variables (e.g., location choice, establishment mode choices and performance) in 
international business.  
Having briefly mapped the impact of Kogut and Singh’s work and underlined the 
relevance of the cultural distance concept, by referring to recent meta-analytical work, we 
next discuss the factors that contributed to the impact of their work. 
 
THE MAKING OF A CONSTRUCT 
Given this wealth of studies taking stock of the extant conceptualizations, 
measurements, and effects of cultural distance, we will not provide a systematic review but 
instead propose a higher-altitude perspective on the matter by considering three aspects by 
which to evaluate the construction of a measure of cultural distance. These are the aspects of 
the concept of distance, the algorithm, and the data, which we discuss below in turn. We 
make these distinctions because criticisms regarding the data, for example, may not apply to 
the concept of distance or to the algorithmic formula. Without making these distinctions 
explicit, the points of discussion and debate are often at cross-purposes, since some criticize 
the data, others the algorithm, and others the concept. Consequently, we consider each 
separately below.  
 
The concept of cultural distance 
The observation that national contexts differ from one another, both in terms of their 
set-up of formal legal and economic institutions and in terms of their informal cultural make-
up, has long intrigued scientists from a variety of disciplines. Scholarly work on the matter 
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divides into: (a) cross-country comparisons focusing on country outcomes, and (b) studies 
focusing on between-country transactions or activities. Cross-country studies compare macro-
level outcomes and relate these to differences in national systems, including cultural 
attitudes; these are comparisons between different ―states of the world‖. Studies of this kind 
seek to answer why some countries are richer than others, have more equality, or have flatter 
organizations. In contrast, between-country studies focus on ―flows‖ or ―interactions‖ that 
take place at the international level. While measures of culture as levels, or scores on a 
dimension, have an important role to play in cross-country comparisons, the concept of 
cultural distance is used primarily in between-country studies to explain variations in 
between-country flows and interactions. These studies include those that analyze subsidiary 
and firm-level decisions and outcomes as well as studies on economic trade, migration, and 
diffusion of innovations. 
One of the key contributions made by Kogut and Singh (1988) was encouraging 
researchers to think conceptually about cultural distance, similar to how the notion of 
geographic distance had been conceptualized in prior work. Since the cultural distance 
construct shares properties with other distance concepts, we start by discussing distance and 
its conceptual properties more generally. This will provide a better understanding of the 
characteristics, as well as both the appeal and possible drawbacks, of the cultural distance 
concept. Distance is a mathematical concept that implies a metric, a space, and a set of rules 
and properties that must be satisfied. Distance research entails a substantial field of inquiry, 
and we therefore limit our comments to arrive at an overview of what is included and 
excluded in standard definitions of cultural distance. 
What is a proper definition of distance? The metric used in a distance measure will 
differ in accordance with the way in which it is conceived theoretically. The technical 
definition, however, is well-established. A measure (or more exactly, a metric) is a real 
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number from 0 to infinity. Distance is symmetric such that the distance between two points is 
the same in either direction, and furthermore it obeys the triangular inequality. On the basis 
of these three properties of positive real numbers, symmetry, and triangular inequality, the 
metric defines a distance between each pair of elements for a given space, or set. For 
example, a metric for a regular graph used in social networks is the Hamming distance; a 
two-dimensional graph then will have 4 points that can be assigned Boolean sequences such 
as <1 1> <0 1> <1 0> and <0 0>. The diameter, or the longest path between all pairs of points 
or nodes, of this graph is given by Boolean subtraction (11 – 00) or two, which is equal to the 
numer of positions at which the corresponding symbols are different in the Boolean 
seqeuence. However, if the object is defined in a continuous Euclidean space, the distance is 
measured by metric of Euclidean distance.  
The choice of a metric relies upon selecting a concept of distance that is consistent 
with the way in which distance is conceived theoretically. We will illustrate this with an 
example. Consider a social network study on the spatial influence of a household on the 
entrepreneurial choices of neighbors. The physical details of the space should influence the 
choice of distance. A good example is measuring physical distance between neighbors in an 
apartment house that has four apartments on each floor and a central staircase that connects 
the two floors. The importance of making the right choice between the Hamming distance 
versus the Euclidean distance is intuitively clear. In this case, the choice of distance requires 
the consideration of three dimensions if neighbors living on other floors are included, i.e. the 
space is cubic. A Hamming distance relies on a three-dimensional lattice, or cube, where 
paths are restricted to pass by corners and cannot cut through the interior of the space. This is 
not a bad spatial model of distance for getting from one apartment to another on a different 
floor. It is easy to see that the Euclidean distance would underestimate the physical distance 
between households on different floors, as if lines could pass through ceilings and floors to 
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penetrate to apartments on different levels. A Hamming distance would count going from a 
floor to an adjacent floor as a distance of one, crossing the hallway as one, and visiting a 
neighbor sharing a wall as one.
5
 In brief, the choice of metric should be influenced by the 
understanding of the spatial architecture that determines the relevant distances. In other 
words, defining the metric space is theoretical, not simply empirical.  
The standard technical definition of a distance considers a set of positive numbers that 
obey three properties (for a textbook definition, see Chiang, 1984: 73-74): 
1. d(u,v) = 0     (for u =v) 
2. d(u,v) = d(v,u) > 0  (for u  v) 
3. d(u,v)  d(u,w) + d(w,v)  (for w  u,v) 
These properties are called, respectively, the identity of indiscernibles, symmetry, and 
triangular inequality. Using this definition, it is useful now to consider a few of the critical 
observations of the Kogut-Singh index. 
A reasonable observation is that distance is not necessarily perceived as symmetric 
(e.g., Håkanson and Ambos, 2010). The United States might be closer to Mexico from the 
viewpoint of a Mexican citizen than Mexico is to a U.S. citizen. Such perceptual asymmetries 
violate a fundamental condition for defining the standard metric distance per the second 
condition in the definition of a distance given above (see also Shenkar, 2001). We return to 
this issue later to consider how it is similar to ―anchoring bias‖ (e.g., Tversky & Kahneman, 
1974) by which individuals’ perceptions will be influenced by their held beliefs.  
However, this observation points to a solution that Archimedes solved for lifting the 
world, namely, the value of outside view. Note that this problem of anchoring might be 
amended by measuring distance relative to a common fixed point. Kogut and Singh (1988) 
measured distance both relative to the US (since the US was the destination of the 
multinational firms in the study) and to the global mean. Using the global mean as a fixed 
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point may conceptually be problematic, but neither a US-, nor a global mean-anchored index 
relies on an assumption of symmetry. This type of measurement from a fixed point also 
shows the value of calibration. For a calibrated measurement, such as water boils at 100 
degree Celsius (at sea level), serves as a useful fixed point, much like repeated and replicated 
measurements in a dictator game do as well.
6
 Choosing the U.S. as the fixed point is similar 
to choosing sea level for the measurement of boiling. 
Another issue that has been raised about the cultural distance construct is whether it is 
distinct from another often-used construct in the international business literature, namely the 
―psychic distance‖ construct (e.g., Sousa & Bradley, 2006). The notion of ―psychic distance‖ 
that arose out of the so-called Uppsala School of international business was motivated by 
Cyert and March’s (1963) emphasis on the behavioral motivations by which managers take 
decisions. This concept was not operationalized through defining an algorithm for generating 
distances and the quantitative data matching the construct were not supplied in the original 
JIBS article. In this article, Johanson and Vahlne (1977: 24) defined psychic distance as ―the 
sum of the factors preventing the flow of information from and to the market. Examples are 
difference in language, education, business, practices, and industrial development.‖ That 
article sought to explain how these differences led industrial firms, primarily in their 
marketing efforts, to start with small investments and gradually expand to larger investments 
in subsidiaries. In their work, the data were case studies and the factors were not measured. 
This lacuna in the psychic distance literature has led to complaints that researchers in this 
tradition have long relied upon the cultural distance measure instead.  
 Dow and Karunaratna (2006) have more recently proposed a regression validation of 
several components of a psychic distance construct, and found evidence for many of these 
components. However, we do not see any inherent obstructions to consider both cultural 
distance and the multiple measures of psychic distance simultaneously (see, for example, 
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Dow, Cuypers, & Ertug, 2016). All the more so, since Hakanson and Ambos (2010: 196) find 
that cultural distance is not correlated with their measure of psychic distance, indicating that 
they are different concepts.  
 
Choosing an algorithm to measure distance 
A principal reason for the popularity of the cultural distance index is the extension of 
the conceptualization of culture as a characteristic of a country to the concept of distance 
between countries that has major effects on trade, investment, and the behavior and 
organization of multinational corporations. The Kogut and Singh paper was not the only 
paper proposing a relation between culture and entry mode. As discussed before, Gatignon 
and Anderson (1988) used Ronen and Shenkar’s (1985) proposed clustering of countries as 
dummy variables. These clusters had been derived qualitatively by findings from other 
studies (including those by Hofstede). Gatignon and Anderson (1988) noted that the data used 
to cluster countries were ―disparate‖ and relied upon attitudes or values toward achievement, 
practical-mindedness, sharing of information, initiative, democratic leadership styles, and 
commitment to an organization. Some proposed clusters had insufficient data. Consequently, 
Gatignon and Anderson (1988) relied upon three named clusters (for example, one was called 
Anglo), and grouped all of the other countries into a fourth residual cluster. There was no 
calculation of a quantitative distance measure. 
The Hofstede studies provided data that could be used for creating distances. Kogut 
and Singh used a Euclidean distance measure to estimate cultural distance between two 
national cultures. However, for measuring distance in social science data, Euclidean distance 
may fail statistically as a good fit to the data. A Cartesian space has the condition that the 
bases that span the space are perpendicular, or orthogonal, to each other. Because of this 
property, a point in the defined metric space can be generated as a linear combination of the 
identity vectors. If the vectors are correlated, they are not independent. This has important 
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implications for the Hofstede data where two constructs, as explained above, resulted from 
splitting a common factor for theoretical, not statistical, reasons, since they were statistically 
correlated. 
There are alternative conceptualizations of space that account for this correlation. The 
Mahalanobis distance, of which Euclidean distance is a special case (Sharma, 1996: 42-44), 
arose from the problem of measuring similarity between groups in terms of multiple 
characteristics. Statistically, the problem is akin to a distribution that is not Gaussian insofar 
that the observations are not identically and independently distributed and their plot is non-
spherical. In this case, the covariance matrix is not diagonal and data are not independent. 
From a data science perspective, sampling on nearest neighbors in this vector space will 
provide a better estimate than randomly drawn data points (Hastie, Tibshirani, & Friedman, 
2001). If the space could be rescaled so that the dimensions are orthogonal, the distribution 
would be spherical, suggesting a standard Euclidean space. Factor analysis is a technique that 
finds orthogonal vectors from the data (Sharma, 1996). 
The possibility of creating orthogonal factors has an interesting implication for 
understanding the Kogut-Singh cultural distance index. This index is calculated as: 
 
where n is the number of cultural dimensions (e.g., power distance), I is the index of country i 
or j, and V is the variance for cultural dimension d. Assuming the dimensions to be 
independent, the covariance matrix is diagonal. The denominator is the within-dimension 
variance that serves to normalize the contribution of each dimension and to dampen the effect 
of noise or measurement error in the contribution from high-variance dimensions.  
We turn below to additional comments on the data. However, as we noted above, 
since concept, data, and algorithm are related, we comment on aspects of the data that are 
relevant to a common misunderstanding. Hofstede (1980) used factor analysis to create the 
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dimensions. These factors did not rely on oblique rotation, and the items were assigned to 
maximize the orthogonality among the factors, i.e. to maximize the variance between factors. 
In addition, Hofstede (1980) reported the reliability over the two administered questionnaires 
at a 4-year interval, and kept only those items that showed greater than a 0.5 correlation.
7
 
Factor analysis favors high construct and discriminant validity. The factorization does not 
assure, however, that the generated factors are statistically orthogonal. Furthermore, by 
splitting one of the factors into two conceptually different dimensions (individualism and 
power distance), the concern that the original four Hofstede dimensions are not orthogonal is 
aggravated. As this concern has been a discussion point in the literature, we turn to providing 
a detailed analysis of the severity of the problem. However, it should be clear by the above 
that factor analysis is a standard method to minimize the inter-factor correlations and thereby 
generate statistical approximations to the mathematical properties of a Cartesian space and 
Euclidean distance.  
Given the multidimensional nature of cultural distance and that these dimensions 
might be inter-related (and not independent of each other), Berry, Guillen, and Zhou (2010) 
proposed to use the Mahalanobis method to calculate cultural distance. Compared to Kogut 
and Singh’s index of cultural distance, the Mahalanobis formula takes into consideration the 
covariance matrix of the Hofstede culture dimensions, thereby adjusting for the 
interrelationship between the dimensions. To assess whether the four Hofstede dimensions 
are independent after factorization, we conducted a Bartlett's test of sphericity. The null 
hypothesis in Bartlett's test of sphericity is that the variables in the test are independent, i.e. 
not intercorrelated.  
We first tested the four dimensions (individualism, power distance, masculinity, and 
uncertainty avoidance) for all the countries for which data are available. The result is 
significant (p < 0.001), suggesting that the four culture dimensions are intercorrelated. 
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However, upon further inspection we find that only individualism and power distance are 
highly negatively correlated (r = -0.62), which is not surprising as both loaded on the same 
factor in Hofstede’s work and, as we have noted above, he subsequently split this factor into 
two dimensions based on theoretical grounds. We therefore performed three more checks 
using Bartlett's test of sphericity. First, we perform the test for individualism and power 
distance. As expected, the result is significant (p < 0.001), confirming that individualism and 
power distance are intercorrelated. One implication here is that Hofstede’s theoretical 
intervention added correlation to the factor decomposition of the data matrix, and two of the 
dimensions were not independent.  
However, when we conduct the test for the three dimensions of individualism, 
masculinity, and uncertainty avoidance, the result is not significant (p = 0.46), indicating that 
we cannot reject the null hypothesis that individualism, masculinity, and uncertainty 
avoidance are not intercorrelated. Similarly, when we perform the test for the three 
dimensions of power distance, masculinity, and uncertainty avoidance, the result is again not 
significant (p = 0.16), with the implication that we cannot reject the null hypothesis that 
power distance, masculinity, and uncertainty avoidance are not intercorrelated.  
In addition, we calculated the pairwise correlations for cultural distance for all the 
countries for which data are available using Kogut and Singh’s index and the Mahalanobis 
method. The two resulting measures are very highly correlated (r = 0.89). This is not 
surprising. Though the Mahalanobis method takes into consideration the correlation among 
the culture dimensions, the resulting measure from the Mahalanobis ends up being very 
similar to that calculated using the Kogut and Singh index. This high correlation is not 
surprising per our discussion above: only two of the culture dimensions are correlated with 
each other. This is also reflected in studies that compared both measures directly. For 
example, Berry, Guillén, and Zhou (2010) find similar and significant effects for both the 
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Euclidean distance measure and the cultural distance measure calculated using the 
Mahalanobis method. However, the Euclidean distance measure has more explanatory power 
in an otherwise identical model (comparing models 2 and 3 in their Table 7). This further 
suggests that the difference between these two estimation algorithms is minimal when using 
the Hofstede data. We again note the caveat that the Euclidean distance is based on the 
assumption that the dimensions are orthogonal. 
 Another issue that has been raised is whether it is approporate to collapse the 
Hofstede dimensions into a ―single factor‖, particularly when the underlying dimensions are 
not highly correlated (e.g., Shenkar, 2001; Dow & Karunaratna, 2006). The original Kogut 
and Singh article also calculated distances for particular dimensions in isolation of the other 
dimensions. More importantly, the dimensions are not collapsed into a single factor, but 
rather the distances between two countries on each dimension are first measured, and these 
distances are then added per the calculation of a Euclidean distance. The measure of 
Euclidean distances relies upon orthogonal bases; otherwise, the distances will be 
contaminated by correlation, as we have discussed above. This is an important point because 
it is standard practice to locate a person, firm, country, etc. in a vector space and then take 
differences to other locations. 
 
Data   
In this section, we discuss the data that Kogut and Singh (1988) used, as well as some 
other frameworks and associated data sets that have become available since then. We also 
comment on the levels of analysis problem of measuring collective properties like national 
culture by aggregating individual-level survey responses (Klein & Kozlowski, 2000). Using 
these collective properties to predict firm-level decisions and outcomes poses the possibility 
of an ecological fallacy as discussed by Robinson (1950) and Brewer and Vanaik (2012). 
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Kogut and Singh (1988) used data on the 4 dimensions that Hofstede had developed, 
based on data he had collected largely in the 1970s, and published at the country-level in his 
1980 book. In his original data collection effort, the respondents to Hofstede’s questionnaire 
were managers who all worked for a very large American multinational corporation (IBM) 
with subsidiaries in many countries. Again, it is impressive to note the strength of Hofstede’s 
data collection. Since all the employees work for the same international firm, there is no firm 
effect. There will be variation across subsidiaries due to work composition differences and 
individual selection differences, but these are not common culture effects. He also partially 
corrects for selection effects by including work occupation as an item. While this sampling 
strategy incited obvious objections to incurring a selection bias, it mitigated some differences 
due to unobservables that would reflect differences in income, population structure and 
segregation, and work experience. Hofstede’s data then should be considered as selecting on 
a relatively elite managerial workforce in order to focus on the heterogeneity in culture within 
this stratum across many countries. 
Hofstede has since further verified and refined his framework by expanding his data 
with observations on additional countries (Hofstede, Hofstede, & Minkov, 2010), adding a 
fifth (long versus short term orientation) and more recently even a sixth (indulgence versus 
restraint) dimension to his framework, and enhancing his data collection and presentation 
efforts. Naturally, it would be straightforward to expand the original cultural distance 
measure using Kogut and Singh’s algorithm to incorporate these two new dimensions. In 
addition, other approaches to studying and assessing culture have also emerged, each yielding 
their own data collection and presentation efforts, such as the World Values Survey (e.g., 
Inglehart & Welzel, 2005), Schwartz’s (1994) approach, and House et al.’s (2004) GLOBE 
study. It is, however, not our aim here to provide a comparison of these different frameworks 
and underlying assumptions, since Beugelsdijk et al. (2018) discuss recent results derived 
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from a meta-analytic comparison of the predictive properties of these different datasets. The 
following should be clear, though: Kogut and Singh’s algorithm to operationalize their 
cultural distance concept can be applied on a wider variety of data, provided that the 
dimensions are orthogonalized.  
Finally, there are reasonable concerns about a measure that is applied at a higher level 
(country) and is derived from individual observations collected through questionnaires (or 
other means, but at this lower level). Some of these concerns are not sustainable or are 
addressed in straightforward ways. For example, of course, there will be within-country 
variation. Consider simply the raw data that shows correlations between the ethnicity of local 
residents and the choice of location by firms from countries of similar ethnicity. More recent 
sophisticated studies also show this same pattern (e.g., Hernandez, 2014). Some firms have 
invested already in that country and will have local experience. Indeed, the Kogut and Singh 
article found that firm experience was a significant predictor of entry mode choice (Kogut & 
Singh, 1988: 426). This makes sense, meaning that based on how a firm learns how to 
manage in a country, its experience will matter for performance, perhaps with the salience of 
cultural difference mattering differently based on the experience. 
Two important challenges to multi-level work are the problems of sampling size and 
repeated measures. Neither Hofstede nor the GLOBE project have repeated their surveys. No 
completed study that we know of has constructed balanced panel data on individuals grouped 
by firms and by country. (By panel, we mean measurements of the same managers that are 
repeated at frequent and consistent enough intervals over time.) Through repeated measures, 
we can resolve the problem of anchoring bias that is related to the criticism of the assumption 
of symmetry in the measure of distance, since this bias will show up as a fixed or random 
effect. Moreover, multi-level analysis permits the sorting out of the effects of cultural 
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distance as an individual (person-based) perceptual concept from those of institutions, as 
macro-level effects. 
From a multi-level perspective, there can be important problems of aggregation from 
the micro to the macro level (Klein & Kozlowski, 2000), in conjunction with the 
aforementioned ―ecological fallacy‖ of seeking to explain macro-level outcomes on the basis 
of these aggregated micro-level scores (Robinson, 1950; Brewer & Vanaik, 2012). When we 
have observations on both levels, there are good statistical multi-level models to treat the 
lower level (e.g. individuals) and the higher level (e.g. cultural distance and simply national 
fixed effects) separately (e.g., Hox, Moerbeek, & van de Schoot, 2017; Peterson, Arregle, & 
Martin, 2012). These are not problems of an algorithmic nature, but conceptual and 
statistical.  
One alternative is to collect systematic data on managerial perceptions. In any large 
sample study, with many firms and multiple actors involved in the decision for each firm, this 
approach is expensive to implement. For example, in cross-border acquisitions, several 
members of the acquiring firm’s top management team will be involved in the decision 
making, the due diligence and negotiation teams will consist of several people, and the 
acquirer is likely to consider the (culturally-different) behavior of the employees of the target 
firm as well as customers in the home country of the target firm. Hence, the cultural 
characteristics and differences between a large number of individuals in the home country of 
the target firm and the home country of the acquiring firm are relevant. Clearly, gathering 
information on each of these individuals and weighing these data according to the relative 
importance of each individual in the decision-making is not practically feasible. Furthermore, 
given the large number of individuals that are relevant, only gathering data on a few or a 
single individual(s) might be subject to idiosyncracies and therefore actually be less 
appropriate than using aggregated data.  
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As always, it is important to consider the research question and phenomenon under 
investigation when deciding on the appropriate level of data. (There are private data 
companies that have conducted multi-country studies, such as NORC, but few, if any, have 
conducted scores of multi-country panel surveys on corporate managers.) Even so, Dow, 
Håkanson, and Ambos (2014) report that 80 percent of the variation in individual perceptions 
(as measured by surveys of executives from more than 25 countries) with respect to 
linguistic, religious, and – most pertinently for our present purposes – cultural distance is 
explained by country-level measures. Multi-level models are still desirable, as would then be 
multi-level data. Still, it is reassuring to see that individual responses by managers evidence a 
common root of a shared national culture. 
 
Implications 
Above, we have discussed some of the criticisms we find substantive. There are many 
others that reflect a lack of clarity due to not separating out issues of concept, algorithm, and 
data. We will draw upon two examples from Shenkar (2001). Of course, other examples from 
other sources could be chosen.  
The first example is that ―friction‖ is a better conceptualization of cultural differences 
than ―distance‖. Friction is the resistance that one object meets as it moves over another; 
resistance results in a loss of energy, that is heat, and slows the speed of an object that is 
moving; speed is the time to cross a unit of distance and thus speed multiplied by time is 
distance. If friction is meant to be an outcome variable, such as the incidence of 
misunderstandings between culturally-distant managers, then the argument is that cultural 
distance increases the degree of strife, that is, friction increases with cultural distance. Then, 
friction is a type of measure of cultural distance, which is the underlying mechanism. We use 
the word ―friction‖ in this sense below, in that cultural distance can lead to particular frictions 
between culturally distant actors. Since cultural distance can certainly lead to lower levels of 
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trust, higher transaction costs, and a diminished value of social capital, we encourage 
researchers to strive for clarity by distinguishing between proximate causes and mechanisms 
such as cultural distance.  
A second example is the objection, also raised by Shenkar (2001), that culture 
changes. One way to reframe this objection is as a question of reliability. It would be highly 
desirable to have repeated panel observations that permitted the accounting of within-
responder variability. As we have noted earlier, repeated measures are well-suited to 
measuring this variability. Still, this objection of cultural change as a societal question is 
interesting, because it draws our attention to the rate of cultural change, and whether cultures 
indeed change substantially. If it were to be the case that cultural change is quick, this is more 
of an objection to the relative infrequency with which surveys that collect data about culture 
are repeated than it is to the concept of distance or the algorithm for measuring it. Generally, 
most studies argue that culture is fairly inert compared to other types of social and economic 
variables. Not surprisingly, then, recent (meta-analytic) evidence suggests that cultural 
distances are generally stable over time (e.g., Beugelsdijk, Maseland, & Van Hoorn, 2015) 
and that the effects of cultural distance are not sensitive to time (e.g., Beugelsdijk et al., 
2018). These results suggest that the relative infrequency with which cultural data are 
collected is not necessarily problematic, at least not due to this conjecture. 
In sum, we believe that differentiating between the concept of distance, the algorithm, 
and the data allows us to have a more meaningful discussion about the contributions and the 
criticism of Kogut and Singh’s work. For example, some of the criticism might apply to the 
data but not as such to the concept of distance or to the algorithmic formula. The upside of 
this is that it might be possible to remedy data related issues by using appropriate and 
innovative methodology or gathering data in novel ways, as we elaborate on below. 
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THE FUTURE OF CULTURAL DISTANCE 
Our aim is to facilitate a sounder implementation and interpretation of the cultural 
distance concept and its measure. There are a number of avenues for future research on 
cultural distance that would allow the international business literature to advance beyond its 
current stage and also expand in areas where it has made less progress to date. As before, we 
arrange our discussion of these avenues for future research also in terms of the concept of 
distance, the algorithm, and the data. 
 
Future conceptualizations 
One of the main contributions of Kogut and Singh’s study was the conceptual 
innovation that Hofstede’s dimensions could be used as coordinates in a Cartesian space by 
which distance between countries could be measured. In their study cultural distance is 
conceptualized as the distance between a firm’s home and host country. Building on their 
work, most studies since then have used a similar home-host country conceptualization of 
cultural distance. However, recently, research (e.g., Hendriks, Slangen, & Heugens, 2017; 
Hutzschenreuter & Voll, 2008; Hutzschenreuter, Voll, & Verbeke, 2011) has started to 
explore alternative conceptualizations of the cultural distance concept.  
An illustration of this is Hutzschenreuter, Voll, and Verbeke (2011), who considered 
the cultural distance of a firm’s host country to the nearest existing operating location within 
the firm’s current portfolio of foreign operations. The authors argued that this so-called 
―added distance‖ may matter as much as, if not more than, the traditional conceptualization of 
cultural distance, as understood to be between a firm’s home and host country. Multinational 
corporations obviously can benefit from the network advantage of dispersed subsidiaries. 
Even though theoretically this is a distinct concept from the traditional cultural distance 
concept, the authors still operationalized the ―added distance‖ using the algorithm proposed 
by Kogut and Singh, with the main difference being the coordinates that are used (those of 
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the subsidiary instead of the MNE’s headquarter). This is an intriguing evolution of the idea 
of the network benefits of multinationality that accrue to companies, no matter their countries 
of origin. 
 
Future algorithms and methodologies  
 Most between-country studies of cultural distance and its effects on micro- and meso-
level outcomes rely on fairly small country-level samples, which raises the important 
question of how to arrive at plausible causal inferences. For example, a study by Baack et al. 
(2015) used responses from 200 Australian managers to gather their responses for a 
questionnaire to measure psychic distances; there was no international sample. By 
comparison, the sample size for the Hofstede studies currently covers 83 countries,
8
 obtained 
using more than 100,000 respondents. In addition, the Globe study has a cross-sectional 
sample over 17,000 middle level managers across 62 countries. With appropriate methods, 
sample sizes can be relatively small without necessarily causing fundamental problems, even 
if this will inevitably pose statistical challenges. On the other hand, many of the most 
important contributions to cross-cultural studies are ethnographies and case studies, such as 
Adler (1983) and Brannen (2004). Several articles fault statistical approaches, including 
cultural distance studies, for insensitivity to careful field research (Morosini, Shane, & Singh, 
1998). Rather than criticize small samples, one way forward is to join case studies and small 
n qualitative analysis. 
One of the most thoughtful methodologists concerned with the use of small sample 
sizes is Charles Ragin. His methodological contributions (1987) propose a set-theoretic logic 
in the tradition of John Stuart Mill to treat the challenge of dealing with many theoretical 
dimensions and few degrees of freedom (see Misangyi et al. (2017) for a recent review of the 
reception of these ideas in the management discipline, and Kogut and Ragin (2006), for an 
application.) His method of qualitative comparative analysis (or QCA) involves grounding 
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theoretical concepts based on in-depth knowledge of qualitative cases (i.e. context) while 
relying on Boolean distances in their measurements to explain outcomes. Since his method 
relies on logic rather than statistical methodologies, it can be applied to ―small-N‖ samples.  
QCA can be applied to cultural difference studies by either including the dimensions 
as variables (or conditions, as they are referred to in the QCA methodology) or the distance 
measure. The inclusion of four dimensions is costly especially for small sample sizes, since 
causal dimensionality increases by 2
n
, where n is the number of variables, or dimensions. 
Context still matters in this approach and is flagged by finding identical cases that have 
contradictory outcomes. Such contradictions signal that there is an omitted contextual 
variable, but more radically, they provide the occasion to motivate a dialogue between 
method and case material. They lead to the question, why is there a contradiction, what was 
left out? The answer may involve collecting new data, or engaging in counter-factual thought 
experiments, such as, what would be the result if two countries were far apart, instead of 
culturally close?
8
 
 At the level of micro- and meso-level actors embedded in national contexts, however, 
data are rapidly becoming more fine-grained and plentiful. Data sciences are following suit, 
and are making rapid in-roads into how we do research. Many of the ideas, such as training, 
testing, and cross-validating, represent powerful alternatives to the beleaguered reliance on t-
tests. Many of the ideas contained in Charles Ragin’s QCA approach are simultaneously 
encapsulated in the machine learning literature, which proposes to find configurations of 
factors that explain an outcome, or constitute a construct, such as cultural distance for small n 
samples where the number of variables is larger than the number of unique cases. This 
approach is in the spirit of machine learning that is becoming ever more prevalent. 
In important ways, the basic idea in the Kogut and Singh Index formula is a common 
practice in data sciences, machine learning, and also our basic statistical measures. Consider 
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the simple use of measuring the significance of a variable’s coefficient, or differences 
between means, by transforming raw data into magnitudes that we can compare. The 
transformation permits a way to measure how far, say, the sample mean is from a standard 
normal distribution. One looks at the difference between the observed and calibrated values 
(often the mean) and then standardizes this difference by the standard deviation. This 
generates z-scores for each case, or observation. For example, using the cultural distance 
data, we can measure whether Chile or Indonesia are statistically different from each other in 
culture. 
The choice of standardization is important statistically to arrive at a scale-free 
measure that does not depend upon sample size. By scale-free, it is meant that once we have 
done the transformation, we do not need to know the sample size. Scale-free implies that 
there are fixed point statistics that can be used for calibration, allowing comparisons, say 
among countries, regardless of differences in sample size. Thus, it is not surprising that the 
Kogut and Singh Index looks similar to a z-score, since it transforms the country scores by 
subtracting the mean and dividing by the variance. Since many statistics we use converge to 
their asymptotic values rather quickly, we do not need very large sample sizes. 
 Z-scores are easy to calculate because they rely upon means and standard deviations 
only. If we expand the concept of culture to include notions of social capital, a reasonable 
property to measure is whether one country is higher or lower in social capital than another. 
A common way to measure social capital is by the local density, or clustering, among people 
(or countries) in a social network. This definition is implied by Coleman (1988). The problem 
is that it is hard to compare network statistics, such as density, across different contexts, 
because we don’t know the sampling properties of the distribution. The statistics are not 
standardized and their values will depend upon the sample sizes. 
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There are innovative ways to calculate both these statistics so that they can be 
compared as if they are scale-free. An example is the proposal by Robins and Alexander 
(2004) regarding the measurement of network configurations. We might want to know if 
social capital is higher or lower in one country – as a matter of level (or scores). 
Alternatively, using social capital as a cultural dimension, we might want to know the 
difference or distance between the levels of social capital in the United States and Sweden. It 
has been always a problem to compare networks of different sizes, since most standard 
network measures do not scale. For example, given a network of size 50 and a density of x, is 
density 0.5x for a network of size 100, or higher or lower? The answer is not clear since 
density does not scale linearly in size. Borrowing from the small worlds literature, Robins 
and Alexander (2004) propose to generate random networks for observed networks of 50 
nodes (and a fixed number of links) and 100 nodes (and a fixed number of links). One can 
then take the distance between the empirical density and the simulated density from the 
random network. Having generated the random networks from the empirical networks and 
taken the difference in density, one can then ask: is the difference of the observed and 
random graph densities for the small network bigger or larger than the difference in observed 
and random density for the large network? That ordinal comparison is the best one can do in 
this instance (without further distributional assumptions) but sometimes it is good to know 
which drug store is closer than the other.  
A variation of this method was applied to comparing ownership networks across 
countries in Kogut, Belinky, and Colomer (2012). For a fixed number of owners and links, a 
random network was generated for each country and the relevant network properties, such as 
local clustering, were calibrated. One can then standardize the observed clustering value by 
its random graph clustering value, which yields scale free statistics that can be used to create 
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distances. Using these standardized statistics, every country network distance could be 
measured and ordinally ranked.  
Here is the implication. In theory, a global network can also be created by following 
the same procedure. In other words, rather than take the distance from the US, we take the 
distance from the measured value of the clustering statistic of the global network, which has 
been divided by its simulated random graph. Next we measure a country’s standardized 
clustering value against the value of the global network. This is a calibration exercise. This is 
similar to one of the calculations used in the Kogut and Singh paper. It simply uses the global 
cultural distance as the Archimedean point of reference, as discussed earlier. 
The concept of distance, as opposed to levels or values in absolute terms, is a 
powerful way to understand how countries may be differentiated, and also for studying the 
economic and social flows of goods and information. The contribution of the index does not 
rely uniquely upon Hoftstede’s data and such data will and should evolve in quality and 
quantity. The fundamental contribution is to provide a general method of distance. In effect, 
then, distance is a measure of the similarity and polarization among countries. In turn, the 
polarization and cohesion of world values may co-evolve with the expansion of world trade 
and investment and the movement of people. These topics are not surprisingly all on-going 
areas of research. 
 
Future data 
At this point, unlike when the Kogut and Singh article was published, there are 
several cultural data sets available that could be used to calculate cultural distance (e.g., 
Hofstede, 1980; Schwartz, 1994; House et al., 2004). The merits and drawbacks of these 
sources of data have been discussed and documented elsewhere (e.g., Sivakumar & Nakata, 
2001). Because the predictive power of any cultural distance measure depends to some 
degree on the quality of the underlying conceptual framework and the associated data 
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(Beugelsdijk et al., 2018) adding yet another cultural framework based on a similar 
methodology might not necessarily yield a substantially improved cultural distance measure, 
at least with respect to the outcomes investigated in the most comprehensive meta-analysis to 
date. 
Therefore, it might be worth considering a clear, if not radical, departure from these 
more traditional approaches, such as leveraging big data and other related advancements in 
data science (e.g., George et al., 2016). In many parts of the world data that capture people’s 
behavior and responses are being collected at an unprecedented scale, while also raising 
major ethical questions. Many cultures have thousands of years of textual documents that are 
only now being mined to create new measures of poverty, class, and status. As these studies 
proceed, cross-cultural measurements will have new and rich data to generate cultural 
dimensions and to measure cultural distances.  
An additional advantage of such an approach might be that big data are likely to be 
available for more representative segments of populations, rather than, for example, IBM 
employees as in Hofstede’s original data. The narrow sampling from a single multinational 
corporation in the original data might have advantages with respect to relevance and external 
validity for understanding the behavior of multinational corporations. Of course, these 
benefits come by definition with the loss of external validity to the larger population. Again, 
the choice of data and sampling will depend upon the theoretical interest. 
Compared to existing cultural frameworks which are generally measured at one point 
in time, the high-frequency nature and high dimensionality of contemporary big data sources 
allows researchers to track culture change (or to confirm that cultural differences are in fact 
fairly stable) on an ongoing basis. The omnipresence of connected devices presents 
opportunities to push questionnaires out to sampled people stratified by country as well as by 
the standard demographics. Surveys can be designed to be dynamic, where participants are 
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able to expand the questions and they become participants in the survey development 
(Sagalnik, 2017). In addition, it is possible to run on-line randomized experimental trials 
along with surveys that permit more precise insight into the effects of cultural distances  
 
CONCLUSIONS 
To mark the 30-year anniversary of Kogut and Singh’s (1988) study, we sought to 
explain the impact of their work. They proposed an integrated perspective from concept to 
algorithm to data. While the algorithm has often been the focus of attention, the most robust 
element of this trinity is the concept of cultural distance. It formalized a long tradition in 
historical and narrative accounts on the differences among countries, and the many ways in 
which trade and investment are affected by such differences. Through its specification of a 
simple algorithm, it gave an accessible expression to generate distance scores that transformed 
Hofstede’s data from a plotting of countries by their raw scores on individual country 
differences to focusing on the distances that affect important economic and social flows (e.g. 
trade, money, information). 
The effect of this proposal augmented in many ways, and no doubt also partly 
displaced however unintentionally, the tradition of ethnographic studies. At the same time, the 
formalization of cultural distance gave voice to alternative social and anthropological 
traditions to broaden purely economic treatments of international trade, investment, and 
multinational corporate activity. Globalization is not simply about economic flows, but also 
about the effects of culture and institutions on the complex interactions that transform 
countries and the global community. 
All of these points together allowed us to highlight the importance of Kogut and 
Singh’s work for the development of the international business literature. The concept of 
distance and its relation to consensus and polarization of a still emerging world cultural order 
is a large and important territory that will most likely occupy scholarship in the coming 
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decades. The lesson is that in order to speed up collective research, it is useful to build 
consensus in scientific communities around research programs that provide agreement on 
concepts, tools, and data for fields to advance. 
 
NOTES 
 
1 
For a description of the data,  
see https://dataverse.harvard.edu/dataset.xhtml?persistentId=doi:10.7910/DVN/27846 
 
2
 Kirkman, Lowe, and Gibson (2006) observed that ―most research [in cultural influence on 
international business] examined the impact of cultural distance on organizational and country 
level outcomes‖ (Kirkman et al., 2006: 299). See also the commentary on their JIBS decade 
award by Beugelsdijk, Kostova, and Roth (2017), as well as Devinney and Hohberger (2017). 
 
3
 It is worth noting that there is a lag in Google Scholar and – to a greater degree – in Web of 
Science in collating and updating citations. Therefore, the numbers for 2017 are incomplete 
and underestimate the eventual number of citations that will be allocated to the article for that 
year. 
 
4
 Several less recent meta-analyses (e.g., Zhao, Luo, & Suh, 2004; Tihanyi, Griffith, & 
Russell, 2005; Magnusson et al., 2008; Stahl & Voigt, 2004; Reus & Rottig, 2009; Morschett, 
Schramm-Klein, & Swoboda, 2010) have also provided valuable insights, however, the 
Beugelsdijk et al. (2018) meta-analytic study incorporates at least over half a decade of 
additional work on cultural distance.  
 
5
A famous example is a Rand study that realized that geographic distances on two-
dimensional spaces was a poor spatial model to understand the cachement of a rural doctor’s 
office (Newhouse et al., 1982). Rand had already modelled the fallout from nuclear attacks 
that took into account mountains, and the health economist Joseph Newhouse and colleagues 
used these three-dimensional measurements of distance to show that doctors did respond to 
rural demand and higher earnings. 
 
6
 Alternatively, a quasimetric satisfies all the conditions for a metric distance with the 
exception of symmetry. Such metrics have been explored in multidimensional scaling (See 
Kim, Rangaswamy, & DeSarbo, 1999), but they do not appear to have been applied to 
measuring cultural distance. 
 
7
 See the discriminant validity, and discussion of internal validity, discussed in Kogut and 
Singh (1988: 422).  
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8 
The scores for the original four dimensions are currently available for 83 countries. This is 
because in some cases Hofstede reports scores for regions (e.g. West Africa), and once the 
countries Hofstede lists as being in those regions are included in the list, the number we arrive 
at is 83. Over the years, the number of country for which the data are available has been 
reported to vary between 66 and this number. 
 
9 
See Kogut and Ragin, 2006, for the use of contradictions and counter-factuals in small N 
studies. 
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Figure 1: Number of citations to Kogut and Singh (1988) by year 
 
 
 
 
Note: We note that some studies have cited the Kogut and Singh article for reasons other than its cultural distance aspect (e.g., for entry mode choices). 
 
Note: The data used for this figure is retrieved on the 28
th
 of August 2018. 
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Figure 2: Number of (Web of Science) citations to Kogut and Singh (1988) by Journal  
 
 
Note for abbreviations: J. = JOURNAL. INTL = INTERNATIONAL. BUS = BUSINESS. MKT = MARKETING. MGMT = MANAGEMENT 
 
Note: This plot shows the 33 journals with at least 10 papers in the Web of Science database that cite Kogut and Singh (1988). In addition, there are citations to 
the article that are published in 614 other ―source titles‖ that together add up to 1141 citations in the Web of Science database. 
 
Note: The data used for this figure is retrieved on 28
th
 of August 2018. 
